INTRODUCTION
Pathway analysis is a key step in analyzing high-throughput genomics data. The goal of pathway analysis is to determine if coherent change in gene expression occurs among a set of genes related to a molecular pathway or biological function. Many methods have been developed to achieve this goal (see review in [1] ). While gene set enrichment analysis (GSEA) [2] , one of the most popular programs, is based on nonparametric Kolmogorov-Smirnov statistic, several parametric algorithms have been developed [3, 4] . The foundation for all of these algorithms is a database of curated pathways and functional categories. The Molecular Signatures Database (MSigDB) [5] is a collection of gene lists initially developed for GSEA [2] . While its main focus is human, MSigDB also includes a small number of gene sets for mouse and rat. In addition to existing pathway databases, MSigDB also includes lists of differentially expressed genes manually collected from published gene expression studies related to genetic and chemical perturbations. Inclusion of these gene sets enables detection of the co-regulation of genes similar to those reported in the literature. The MSigDB has been widely used and greatly facilitate pathway analysis in human genomics studies.
As much of the work has been focused on gene sets in human, there is an urgent need of comprehensive pathway databases for other model organisms. Some researchers have to convert human genes into mouse processed gene expression data is available as supplementary file 4. GSEA version 2.0 was used with default parameters to analyze GSE40261. We also used another method, parametric analysis of gene set enrichment (PAGE) [3] , implemented in the PGSEA package [16] . Gene expression data was meancentered before using PGSEA, which calculates a t-statistic for each gene-set in every sample to measure whether the genes are collectively up-or down-regulated. The t-statistics were used in an analysis of variance (ANOVA) to test whether there is significant difference between sample groups. Gene sets are ranked by the difference in average t-statistic.
RESULTS AND DISCUSSION
GSKB is a comprehensive knowledgebase for pathway analysis in mouse. It complements MSigDB, which contains a small number of mouse gene lists. Unlike GeneSetDB [10] , GSKB includes a large number of lists of differentially expressed genes. The data can be downloaded and used by various software packages for pathway analysis. Our web site also includes an interface for keyword search. The keywords can be a topic-related ("stem cell"), or a gene symbol ("SOX2"), which will be compared against all the descriptions including the abstracts as well as gene lists. In addition, we also provide a similarity search page, where users can upload a gene list, and our web server will compare user's gene lists with all the gene lists in the database and return those that have statistically significant overlaps.
Construction of the knowledgebase
As a first step, we gathered annotation information from 40 existing databases for mouse-related gene sets (Table 1) . These gene sets are divided into 8 categories, namely, Co-expression, Gene Ontology, Curated pathways, Metabolic Pathways, Transcription Factor (TF) and microRNA target genes, location (cytogenetics band), and others. We used information in GeneSetDB [10] for some of the databases. Detailed information on these 40 sources and the citations is available in supplementary file 1.
The gene lists from literature were retrieved manually from individual gene expression studies through a process similar to the one used to create AraPath, a similar resource for Arabidopsis [12] . As most expression studies upload raw data to repositories like GEO and ArrayExpress, we used the meta-data in these databases to search for publications. We scanned all datasets we can found and retrieved 4,313 potentially useful papers reporting gene expression studies in mouse. These papers were individually read by curators to identify lists of differentially expressed genes in various conditions. We compiled a total of 8,747 lists of differently expressed genes from 2,518 of papers (See supplementary information 2 for citations). Each gene list was annotated with a unique name, brief description, and publication information, similar to the protocol used in MSigDB and Arapath [12] . These gene lists constitute a large collection of published expression signatures that form a foundation for interpret new gene lists and expression profiles. These 8,747 gene lists collected from literature include a total of 29,876 unique gene symbols. Interestingly, the distribution of the sizes of published gene lists approximates a normal distribution on logarithm scale (Fig. 1) . Although the median size is 51, there are many gene lists containing a few hundreds of genes. The most frequently appeared genes in these lists are shown in Table 2 . It includes genes related to cell cycle (CCND2, CDKN1A), and immune response (SOCS3, FOS). Many were intensively-studied, as suggested by the number of related PubMed hits when using gene symbol in keyword searches.
Using the database
The database can be downloaded at our web site (http://ge-lab.org/gs/), and used with various pathway analysis software. The web site can also be searched using keywords representing either gene names or pathway names. Using the "Find related genesets" page, users can also upload their own lists of genes and search the database for gene sets with significant overlap. Finally, we also created a Bioconductor package "gskb" (https://bioconductor.org/packages/gskb/) that provide access to this data.
In-depth analysis of the expression profile of miR-29 silencing and induction
To test if known pathways could be detected, we re-analyzed a gene expression dataset from Hand et al. [17] , which is available in GEO database with accession number GSE40261. In this experiment, mice were injected of antisense oligonucleotides against miR-29a or a scrambled sequence as control. The antisense oligonucleotides should suppress the expression of miR-29a, thereby affect the expression of the set of genes inhibited by this microRNA in liver tissue. We downloaded and processed the raw Affymetrix files and used different pathway analysis software to detect significantly altered pathways (See Methods for details). We first focused on 1869 predicted microRNA target gene sets. Table 3 shows the top gene sets using GSEA. It is clear that the most significantly affected pathways are those related to miR-29a, b, and c. We also used another method, parametric analysis of gene set enrichment (PAGE) [3] , as implemented in the PGSEA package [16] . The results are shown in Fig. 2 . The top 6 pathways are all miR-29 target gene sets. Therefore, the expected molecular pathway was detected using different software.
To gain further insight into the downstream molecular pathways, we analyze this expression data using other gene sets in GSKB. Using the PGSEA software, we identified significantly altered pathways in many different types of gene sets. Table 4 shows some of the top ranked gene sets by category. In the coexpression category, we detected that the change in expression profile when miR-29c was suppressed are similar to several reported expression signatures. The top 5 signatures are related to various perturbations of liver cells such as overexpression of TCFAP2C [18] , or treatment with rosiglitazone [19] , a compound that can lower glucose levels. The third most significantly gene set (Nones_Mdr1A_Curcumin-Diet_Fibrogenesis_Dn) includes genes involved in fibrogenesis down-regulated in the colon of multidrug resistance gene-deficient (mdr1a-/-) mice fed with curcumin diet [20] . Fibrogenesis is a process regulating the deposition of extracellular matrix proteins. This is in fact a reoccurring theme in multiple significant gene sets across categories. Table 4 also shows transcription factors that might be involved. Treatment with anti-miR-29 oligonucleotides is associated with reduced expression of Srebf1 (sterol regulatory element binding transcription factor 1) target genes. Srebf1 is regulator of lipid homeostatsis [25] and directly binds to sterol regulatory element-1 (SRE1) flanking LDL receptor genes and other related genes. This suggests that lower expression of miR-29 might hinder the normal function of hepatic cells in metabolism. Therefore high expression of miR-29 expression in hepatic cells is required for lipid metabolism and that Srebf1 might be downstream of miR-29. There does not appear to be any existing evidence linking miR-29 with Srebf1. This is a directly testable hypothesis for further experimental studies regarding the function of miR-29. To further confirm these findings, we analyzed another expression data set (GSE27035), in which fetal astrocytes were transfected with miR-29 [29] . We obtained similar results (data not shown) regarding the extracellular matrix related gene sets. For transcriptional factors, E2F family members are highly significant, which is not observed in hepatic cells in the previous dataset. But Smad3 targets genes are downregulated, suggesting that the universal regulation of extracellular matrix genes by miR-29 might be related to Smad3.
Identifying transcription factors from gene expression data
In another example, we used our knowledgebase to detect transcription factors (TFs) responsible for tissuespecific gene expression. We analyzed a large gene expression dataset consisting of 3 or 4 biological replicates for each of the 24 mouse tissues [30] (NCBI accession number GSE24207). We used a subset of 373 predicted TF target gene sets in our analysis using PGSEA. Fig. 2 lists top 30 most significant TFs associated with various tissues. Many highly significant TFs are known to be involved in different organs. The most significant are the hepatocyte nuclear factors (HNF4A, HNF1A, and FOXA2/HNF3B) that are highly expressed in the liver and are supported by many studies to be involved in liver development [31] . The target genes of SPI1 (Spleen focus forming virus proviral integration oncogene, also listed as SFPI1) are highly expressed in spleen and bone marrow, in agreement with the fact that SPI1 is an ETS-domain transcription factor involved in myeloid and B-lymphoid cell development [32] . Another very highly significant TF, Steroidogenic Factor-1 (NR5A1), is found to be responsible for adrenal gland-specific expression profile. This nuclear receptor is known to play an important role in adrenal development and function and mutations in this protein are associated with adrenal hypolasia [33] . PPARG (peroxisome proliferator activated receptor gamma) is essential for the differentiation of adipose tissue [34] . In our result, its target genes were found to be significant highly expressed in the adipose tissue. Most of the TFs in Fig. 2 are supported by previous studies in the literature.
Meta-analysis of published gene lists yields insight into blindness and visual perception
The comprehensive dataset can also serve as an information source on published expression signatures. For example, using a keyword "retina" to conduct a search at our web site, we retrieved 56 published signatures from 26 genome-wide expression studies of the retina cells. Detailed information on each of gene lists, including links to PubMed, is available for further examination.
Meta-analysis of a set of retrieved signatures can provide insights into the relationship among multiple previously published expression profiles. We conducted an all-versus-all overlapping analysis of these 56 gene lists. Following the method developed previously [35], we generated a network where nodes correspond to gene lists and edges represent significant overlaps between them (Fig.4) . We found 52 significant overlaps (FDR < 0.0001) among 25 gene lists. Interestingly, the overlaps define two groups with high similarity within each group and very little in between. Group A on the left side of Fig. 4 includes gene lists that are upregulated in ageing, bright-light-damaged retina, or other injury, as well as hypoxia treatment from 3 independent studies[36-38]. Retinal hypoxia is believed to be the mechanism of blinding underlying several diseases [39] and have been subjected to studies using animal models. Our results suggest that there is significant similarity in gene expression response across multiple studies. We identified the most frequently shared genes across these 10 gene lists in group A. Table 5 lists 29 genes that are shared by 3 or more gene lists in group A gene lists. These 29 genes are significantly enriched in genes related to inflammatory response (P value < 1.80E-05), and immune response (P value < 5.30E-03). This is in agreement with previous finding regarding the activation of inflammatory response upon hypoxia treatment [39] . As shown in Table 5 , the most commonly upregulated genes in group A is the glial fibrillary acidic protein (GFAP), which was initially discovered as an indicator of stress in astrocytes in the brain, but its activation in the radial glia (Müller cells) is also known to signal stress in the retina [40] . Based on the consensus of 8 genome-wide expression studies, our new gene lists in Table 5 thus could serve as marker for stress response in the retina caused by hypoxia or other injuries.
On the other hand, the 15 gene lists in group B on the right side of Fig. 4 have different biological theme.
Three of the gene lists (ZHANG_RETINAL-EXPLANT_RB1_DN, COTTET_RPE65_RETINA_DN, DEL-TORO_EC-DLL4_RETINAS_DN) are genes downregulated in retina with mutated genes (Rb1 [41] , RPE65 [42] , and DLL4 [43] ), compared with normal retina. Another gene list includes genes downregualted in hypoxic retina [36] . This seems to suggest that gene lists in this group might include genes specifically required for normal photoreceptive function of the retina cells. This is confirmed by examining the frequently appearing genes in this group. Among the 38 genes ( Table 6 ) that are shared by 3 or more lists in this group, half of them are related to visual perception according to GO, which is extremely significant (P < 1.2E-28). The most frequently appearing gene ARR3 (arrestin 3, retinal) are predicted to play an important role in retina-specific signal transduction with possible binding to photoactivated-phosphorylated opsins, including OPN1SW (opsin 1) that are shared by 7 of the 15 gene lists (Table 6 ). Based on multiple studies, table 6 serves as a reliable list of retina-specific genes important for photoreception.
Overall, through meta-analysis of 56 retina-related gene lists, we revealed two fundamentally different types of gene expression changes in the retina. One is related to stress response and inflammatory response that are blamed for blindness in many diseases; the other is a set of genes that are required by visual perception by the retina cells. Our database could be used to conduct similar meta-analysis using various search keywords.
CONCLUSION
We have created a comprehensive gene set database for pathway analysis in mouse. We also demonstrated that this database could be used with different pathway analysis software to gain insights into genome-wide expression profiles. For further improvement of knowledgebase, we will update the database from existing sources, and also continue to improve the accuracy of the existing curation, and search for additional published gene lists. 
